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Abstract
The current study evaluated the effect of climate change on regional streamflow using General Circulation
Models (GCMs) from the Coupled Model Intercomparison Project (CMIP5) for the Pajaro River Watershed
(PRW) in central California. The 1/8° latitude-longitude resolution bias-corrected and downscaled CMIP5
projections were utilized under four Representative Concentration Pathways (RCP2.6, RCP4.5, RCP6.0 and
RCP8.5). Csiro-mk3-6 and canesm2 models projected an increase of 3.1°C in annual average daily maximum
temperature and 3.4°C in annual average daily minimum temperature, respectively, in the 2070-2099 period under
RCP8.5 scenarios. The dry months would continue to receive diminished precipitation throughout the century.
The streamflow was increasing in future January months and sporadically in February months but diminished
during the dry months. The future results suggested a shorter wet season and longer dry season within the PRW.
Considering multiple climate change scenarios and evaluating alternative setups provided a robust basis for
hydrological assessment with reference to climate change.
Keywords: Streamflow, Climate Change, SWAT, CMIP5, PRISM

1.0 Introduction
The extent of droughts and floods has been increasing due to intensified climate change patterns. The varying
precipitation intensity and duration, and temperature tend to have severe and deteriorating impacts upon the water
resources, especially in semi-arid and arid regions (Setegn et al., 2011; Tavakoli & De Smedt, 2011). Proper
planning, organization and management of water resources is very important in nullifying these effects, which
highlights the necessity of improved hydrological and climatic simulations. Several studies in the past have
suggested that even a slight variation in the rainfall intensity can have a significant impact upon the streamflow
(Risbey & Entekhabi, 1996). The global hydrological cycle is expected to be accelerated by the rising air
temperature (Oki & Kanae, 2006). The key processes of the water cycle like precipitation and evapotranspiration
have a significant effect on watershed hydrology. These components are affected by the varying air temperature.
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A small change in temperature can have minimal effect on the weather in a location; however, it can have a
prominent impact on the climate of the same region. Therefore, the study of rainfall under changing climatic
scenarios has become critical in water resource management.
According to the World Meteorological Organization (WMO) reports, global warming has set a record-high
temperature in 2016 which is 1.1°C above the pre-industrial period and 0.06°C higher than that in 2015 (World
Meteorological Organization, 2017). By the end of 2015, carbon dioxide also peaked to new heights at 400.0 ±
0.1 ppm in the atmosphere (World Meteorological Organization, 2017). The global sea-ice content dropped below
average hence global sea levels had a significant rise during the 2015/2016 El Nino (World Meteorological
Organization, 2017). The globe has been witnessing unprecedented extreme climatic events at the onset of the
twenty-first century. The Intergovernmental Panel on Climate Change (IPCC) concluded that increased
anthropogenic greenhouse gases such as carbon dioxide (CO2) caused the accelerated warming of recent years
(IPCC, 2017). The anthropological activities also contribute to the change in precipitation and not just temperature
(Mourato et al., 2015; Li et al., 2015). The IPCC necessitates that more literature is required on the implication
of climate change on achieving our development goals and implanting the climate change considerations into a
comprehensive multi-objective policies (IPCC, 2017).
The general circulation models (GCMs) are extensive tools for simulation of future global climate change
projections. The GCMs corroborate most of the impact assessment studies associated with changing climatic
scenarios (Wilby et al., 2006; Xu, 1999). Using GCM output is the most reliable approach in development of
future climate scenarios when compared with the statistical approach and synthetic approach (Wilby & Harris,
2006). However, considering just a single GCM could provide misleading information in the study (Carter et al.,
1999). The GCMs are large-scale climate projections of coarse resolution and need to be regionalized to get the
projections relevant to the local climate of the area under study (Nakicenovic et al., 2000). Many researchers have
investigated the downscaling techniques for the establishment of linkage between global and local projections
(Benestad et al., 2008; Christensen et al., 2007; Wood et al., 2004).
The World Climate Research Program (WCRP) has developed the multi-model ensemble through the Coupled
Model Intercomparison Project (CMIP). The CMIP5 climate models provide an improvement over previous
climate models in simulation of global-average temperature and precipitation trends while providing promising
results for long term persistence in temperature (Kumar et al., 2013). They provide a good platform for studying
the impact of climate change. The CMIP5 dataset incorporates four greenhouse gas concentration trajectories
termed as the Representative Concentration Pathways (RCPs), i.e., RCP 2.6, 4.5, 6.0 and 8.5. The RCPs are
differentiated based upon their level of radiative forcing by the end of the twenty-first century (Meinshausen et
al., 2011). These pathways have been widely applied in the investigation of hydrologic responses to climate
change (Basheer et al., 2015; Ouyang et al., 2015; Tan et al., 2014).
The temperature data and precipitation data projected from GCMs are often utilized as input information fed
into a hydrological model for forecasting the hydrological parameters (Dessu & Melesse, 2013). According to Xu
(1999), any hydrological model should be adaptable to test varying climate and spatial scales; it should be easily
calibrated and aid in the sensitivity analysis. The Soil and Water Assessment Tool (SWAT) (Arnold et al., 2012)
is a physical model capable of incorporating the effects of climate change for a particular region. Many researchers
have utilized the capabilities of SWAT in evaluating climate change effects in the past. Perazzoli et al. (2013)
analyzed the flow regime and sediment production in Concordia River basin of southern Brazil. Duan et al. (2017)
investigated the possible effects of climate change on water resources in the upper Ishikari River basin in Japan
for a single GCM (HaDCM3). Mudbhatkal et al. (2017) studied the catchment response under changing climate
conditions in rivers originating from the Western mountain range in India. Furthermore, Kim et al. (2017) utilized
the North American Regional Climate Change Assessment Program data in SWAT model to study the
evapotranspiration and water yield variation with respect to climate change scenarios in the Haw River basin in
North Carolina region.
© Copyright owned by the authors unless otherwise noted.
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In the United States, the extreme variation in annual precipitation can be observed in California. The California
water system has a high dependency on snow storage and it can be hugely affected by the effects of global
warming (Vicuna & Dracup, 2007). In addition, a recent report from the California Department of Food and
Agriculture (CDFA) has indicated that climate change can have a significant impact on California agriculture
(CDFA, 2013). Several studies have investigated the prospective effects of climate change on California
hydrology (Berg & Hall 2015; Cayan et al., 2008; Kim, 2005; Maurer & Duffy, 2005; Miller et al., 2003; Miller
et al., 1999; Neelin et al., 2013; Risbey & Entekhabi, 1996; VanRheenen et al., 2004). Improved impact modeling
and physical observations of changing climate have aided the evolution and refinement of knowledge on climate
science. It is important to invest in regionally relevant climate science that complements local, federal, and
international climate science efforts (California National Resources Agency, 2018).
Predicting a definite future is not only difficult but an almost impossible task, however, extensive research on
the effects of climate change would provide valuable information in understanding the associated uncertainties
and alternative future scenarios. This would help in staying better prepared for adapting to changing
environmental conditions. This study focuses on exploring the effects of CMIP5 projections on streamflow in the
Pajaro River Watershed (PRW) of central California. Six GCMs were selected from eighteen GCMs under
RCP2.6, RCP4.5, RCP6.0 and RCP8.5 scenarios for the twenty-first century differentiated into three time-periods:
2016-2039, 2040-2069 and 2070-2099. The trends in future average precipitation and average maximum and
minimum temperatures over the watershed is examined. Then the simulated streamflow based on these are
analyzed to acquire an understanding of the effect of these changes suggested by GCMs on streamflow utilizing
the capability of the physically based SWAT model developed using the Parameter-elevation Regressions on
Independent Slopes Model (PRISM) data for baseline years.
While there exists a plethora of new software that could be implemented in university classrooms, research
has shown that many educators struggle or are averse to amending their curriculum (Merwade and Ruddell, 2012).
According to Merwade and Ruddell (2012), several roadblocks can contribute to this problem, including “a lack
of access to easily adoptable curriculum materials and a lack of time and training to learn constantly changing
tools and methods” and that implementing new technology “should emphasize conceptual learning, and should
be used to complement rather than replace lecture-based pedagogies.” Indeed, in hydrologic research, reusable
code and data should be made available so that scientific results can be reproduced. Such availability of code and
data is equally important in the classroom.
2.0 Methods
2.1 Study Area
The PRW lies between latitudes 36° 16' 3" N to 37° 13' 54" N and longitudes 120° 34' 52" W and 121° 50' 55"
W in central California. The watershed is surrounded by the Diablo Range in the east, the Gabilan Range in the
southwest, and the Santa Cruz mountains in the northwest. The Pajaro River is one of the principal tributaries to
Monterey Bay. The watershed area is approximately 3,072 km2 with the longest reach being about 11.42 km up
to its outlet at Chittenden Pass. The altitude variation in this watershed ranges from 25 to 1490 m. The mean
annual precipitation varies from hardly any in July–August to rainfall peaks in December–February. In general,
the annual precipitation ranges from 8 to 80 cm. Most precipitation falls as rainfall since the temperatures rarely
fall below the freezing temperature. The mean monthly precipitation, daily maximum and daily minimum
temperatures are shown in Figure 1(a). The land use pattern in the watershed area is hugely dominated by
agriculture (Los Huertos et al., 2001; Ruehl et al., 2007). For irrigation, 84% of the freshwater resources are
utilized in the PRW (Hanson, 2003).
Throughout the years, several major floods have occurred in the Pajaro River. The floods that befell in the
PRW on 24 December 1955 and the one on 3 February 1998 are two of the most significant ones based on
© Copyright owned by the authors unless otherwise noted.
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triggered destruction. The 1995 flood handed over $95 million economic loss and even took one life (Bodensteiner
et al., 2003). The entire population of the town of Pajaro had to be evacuated and a presidential disaster was
declared following the flood in February 1998. Table 1 lists some of the major floods of the Pajaro River. The
data are extracted from the USGS station 11159000 Pajaro River at Chittenden, CA (Latitude 36° 54' 01" and
Longitude 36° 54' 01"; Datum of gage: 24.96 m above NGVD29).
S.N.

Date

1

24 December 1955

2

3 April 1958

3

Gage height (m)

Discharge (m3/s)

9.90

679.60

10.10

665.40

25 February 1969

7.30

504.00

4

2 March 1983

8.50

447.40

5

19 February 1986

8.40

371.00

6

11 March 1995

9.80

608.80

7

3 January 1997

9.00

447.40

8

3 February 1998

10.30

710.80

Table 1. Major floods in the Pajaro River.
The PRW has a unique geologic setting. It is a large and geologically active watershed, hence, prone to
watercourse displacement and changes in watershed area (Bodensteiner et al., 2003). The consistent geologic
deformation makes the artificial structures like channels and levees transient. Therefore, better understanding of
the geological and hydrological features of the watershed is even more important in water resources planning
activities.
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Figure 1. (a) Monthly average precipitation, daily maximum (tasmax) and
daily minimum (tasmin) temperatures in the PRW from years 1981 to 2015;
(b) Comparison between PRISM data and observed data (from NOAA) from
years 1981 to 2015.
2.2 Input Data
SWAT requires a digital elevation model (DEM), land use data, soil data, and meteorological data for
processing the model. In this study, the DEM of 1/3 arc second resolution was extracted from the USGS National
Elevation Dataset (The National Map Viewer, 2013), which was processed within ArcSWAT for acquiring the
elevation, flow accumulation and direction and slope information. The National Land Cover Dataset 2011 Land
Cover (NLCD 2011 Edition, amended 2014) was accessed from the USGS (National Land Cover Dataset, 2011).
The soil data used in this study is the State Soil Geographic from National Resource Conservation Project, which
is provided within the ArcSWAT interface. Among the meteorological data, only precipitation data and
temperature data were fed into ArcSWAT and the weather generator within SWAT generated solar radiation,
© Copyright owned by the authors unless otherwise noted.
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wind speed and relative humidity. The daily precipitation data and daily maximum and minimum temperature
data from 1981 to 2015 (the baseline years) were obtained from the National Climatic Data Center (NCDC). Not
all the NCDC weather stations had complete coverage of data. The missing data in the time series data was filled
in with data from a nearby station and the data from the corresponding day of the previous year if the nearby
station had no record either. Upon checking the PRISM data (Daly, 2000) for the same period and area, there was
a difference in average precipitation during these years when compared with the observed precipitation as shown
in Figure 1(b). This could be a problem created while filling in the missing data. Therefore, further study was
based on the PRISM data as the observed data. The PRISM data is a climate analysis system, which were
developed incorporating weather stations data, digital elevation model and expert knowledge of climatic patterns
like rain shadows, coastal effects, orographic lift and temperature inversions over topographically delineated
“facets” (Daly et al., 1997; Wang et al., 2012).

Figure 2. Pajaro River Watershed along with the outlet at Chittenden, other
weather stations in the study area and nearby cities.
The streamflow data was obtained from USGS stream gaging station USGS 11159000 Pajaro River at
Chittenden, CA. It is located near the outlet at subbasin 19 and, therefore, used for calibration and validation of
the SWAT model. The PRW, stream gage station, USGS weather stations, and nearby cities are shown in Figure
2.
© Copyright owned by the authors unless otherwise noted.
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Six GCMs from the CMIP5 archive (Taylor et al., 2012) were selected from among 20 GCMs for the analysis
of future climate projections over the PRW. The bias-corrected and downscaled projections based upon a very
low forcing scenario (RCP2.6) of 2.6 Wm-2 in year 2100, two medium stabilization scenarios (RCP4.5 and
RCP6.0) of 4.5 Wm-2 and 6.0 Wm-2 and a high emission scenario (RCP8.5) of 8.5 Wm-2 are used (Reclamation,
2013).
2.3 Hydrological Model
The SWAT is a continuous-time and spatially distributed watershed scale hydrological model developed by
Dr. Jeff Arnold for the United States Department of Agriculture Agricultural Research Service (USDA-ARS)
(Neitsch et al., 2011). The SWAT model is proven to be efficient in studying long term impacts using readily
available input data (Arnold et al., 2012; Neitsch et al., 2011; Teshager et al., 2016). The model utilizes the digital
elevation model, land use data, soil data and weather information to simulate the streamflow for the watershed
under study. SWAT directly models the physical processes associated with the movement of water, sediment,
crop growth, nutrient cycling etc. (Arnold & Fohrer, 2005).

(a)

(b)

Figure 4: (a) Reach and subbasins as modeled in SWAT; (b) the land use pattern in the PRW

Figure 3. (a) Reach and subbasins as modeled in SWAT; (b) The land use
pattern in the PRW.

The SWAT model partitions the watershed under study into multiple subbasins and further differentiates to
units of unique soil features, land use patterns and slope of terrain. These units are known as hydrological response
units (HRUs) and are the homogeneous spatial units characterized by similar geomorphologic and hydrological
properties (Ficklin et al., 2009; Flügel, 1995). In order to divide the watershed into subbasins, a critical source
area must be defined which is the minimum upstream drainage area required for a channel to originate (Di Luzio
& Arnold, 2004; Kumar & Merwade, 2009). The number of subbasins generated is directly proportional to the
magnitude of the critical source area. After the division of subbasins, a threshold area for land use, soil types and
slope are required to differentiate each subbasin into HRUs. In this study, the critical source area of 1.5% of total
watershed area and a threshold of 10% for land use, 0% for soil type and 5% for slope is considered. A total of
33 subbasins and 591 HRUs were subsequently generated. The subdivision of the watershed and the land-use
pattern in the watershed is shown in Figure 3. The streamflow is simulated separately for each HRU and the
streamflow at the outlet is the streamflow of the watershed. Five different components i.e., canopy, interception,
© Copyright owned by the authors unless otherwise noted.
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snow, soil profile, shallow aquifer and deep aquifer represent the water balance in an HRU (Ficklin et al., 2009).
The SWAT model components are discussed in detail by (Neitsch et al., 2011). The SWAT model was calibrated
during the period 1981-2000 based on daily streamflow at the station USGS 11159000 Pajaro at Chittenden,
California. Furthermore, the model was validated in the period 2000-2015. Model calibration was performed
using Sequential Uncertainty Fitting (SUFI-2) integrated within the SWAT Calibration Uncertainty Programs
(SWAT-CUP) (Abbaspour et al., 2007; Abbaspour, 2013). The Nash-Sutcliffe efficiency (NSE) and percent bias
(PBIAS) statistics were used to evaluate the SWAT model performance. The NSE and PBIAS were calculated
with equations (1) and (2), respectively.
NSE=1- !

sim
∑ni=1 (Qobs
i -Qi )

2

mean
∑ni=1 (Qobs
i -Qobs )

PBIAS= $

2

#

(1)

sim
∑ni=1 (Qobs
i -Qi )*100

∑ni=1 Qobs
i

%

(2)

where, Qobs
is the observed streamflow and Qsim
is the simulated streamflow for the calibration period or
i
i
validation period.
2.4 Global Climate Models
Selecting appropriate GCMs plays a vital role in any study involving analysis of projected future data as each
GCM’s projection might lead to significant variation in projected data. While choosing any set of GCM
projections, the availability of data (precipitation, daily maximum temperature and daily minimum temperature)
in CMIP5, combinations of GCMs that underestimate, overestimate and accurately capture the annual data,
various model sources from different countries and institutions and the ability to capture seasonal variance in
observed data should be considered (Dessu & Melesse, 2013).
Eighteen GCMs from https://gdo-dcp.ucllnl.org/ were considered in this study. The GCM data used in this
study are bias-corrected and downscaled with a resolution of 1/8° latitude-longitude. To select the best performing
GCM projections, data from each projection (averaged for all selected seven grid cells in PRW) was compared
with the observed data (averaged for all seven stations) for the baseline years (1981-2015). For the analysis of
GCMs’ performance, the mean error (ME) and root mean square error (RMSE) statistics were adopted (Khoi &
Suetsugi, 2012; Nyeko-Ogiramoi et al., 2010). The ME and RMSE were calculated using equations (3) and (4),
respectively.
1

ME= n ∑ (Gi -Oi )
1

RMSE=)n ∑ (Gi -Oi )2

(3)
(4)

where, Oi is the time series observed precipitation and Gi is the GCM precipitation for the corresponding time
period, and n is the total number of years for annual series data and 12 for monthly data. The normalized ME
(NME) and normalized RMSE (NRMSE) obtained by dividing the ME and RMSE, respectively, by the mean of
the observed data in the baseline years. The smaller values of NME and NRMSE implies a better performance of
the GCM with respect to the observed values. According to Nyeko-Ogiramoi et al. (2010), a good performing
GCM should have an NME value within ±2 times the coefficient of variation of the observed values (CVobs).
Among 18 total GCMs, 6 best fitting projections were selected. The coupled climate models used in the study are
listed in Table 2.
© Copyright owned by the authors unless otherwise noted.
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Model Name

Institute

access1-0

Commonwealth Scientific and Industrial Research Organization and Bureau of
Meteorology, Australia

bcc-csm1-1

Beijing Climate Center, China Meteorological Administration, China

canesm2

Canadian Centre for Climate Modelling and Analysis, Canada

ccsm4

National Center for Atmospheric Research, USA

cesm1-bgc

Community Earth System Model Contributors, USA

cnrm-cm5

Centre National de Recherches Météorologiques/Centre Européen de
Recherche et de Formation Avancée en Calcul Scientifique, France

csiro-mk3-6-0

Commonwealth Scientific and Industrial Research Organization, Queensland
Climate Change Centre of Excellence, Australia

gfdl-cm3

NOAA Geophysical Fluid Dynamics Laboratory, USA

gfdl-esm2g

NOAA Geophysical Fluid Dynamics Laboratory, USA

inmcm4

Institute for Numerical Mathematics, Russia

ipsl-cm5a-lr

Institut Pierre Simon Laplace (Institute for Research in Environmental
Sciences), France

ipsl-cm5a-mr

Institut Pierre Simon Laplace (Institute for Research in Environmental
Sciences), France

miroc-esm

Japan Agency for Marine-Earth Science and Technology, Atmosphere and
Ocean Research Institute (The University of Tokyo), and National Institute for
Environmental Studies, Japan

miroc-esmchem

Japan Agency for Marine-Earth Science and Technology, Atmosphere and
Ocean Research Institute (The University of Tokyo), and National Institute for
Environmental Studies, Japan

miroc5

Atmosphere and Ocean Research Institute (The University of Tokyo), National
Institute for Environmental Studies, and Japan Agency for Marine-Earth
Science and Technology, Japan

mpi-esm-lr

Max Planck Institute for Meteorology, Germany

mri-cgcm3

Meteorological Research Institute, Japan

noresm1-m

Norwegian Climate Centre, Norway

Table 2. CMIP5 models used in the study.
The future time was divided into three terms as early, mid and late twenty-first century for periodic study of
future changes – 2016-2039, 2040-2069 and 2070-2099. The baseline years were 1981-2015.
3.0 Results
3.1 Model Calibration and Validation
The SWAT model was calibrated and validated within the baseline years based on the observed data and
simulated data at the outlet in subbasin 19 using SUFI-2 in SWAT-CUP. The 10 most sensitive parameters
(Ch_K2.rte, Alpha_Bnk.rte, Cn2.mgt, GW_Revap.gw, Rchrg_Dp.gw, Sol_Awc.sol, Alpha_Bf.gw,
© Copyright owned by the authors unless otherwise noted.
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Gw_Delay.gw, Esco.hru, and Gwqmn.gw) were considered for calibration of the model. The fitted value and the
range of solution set for these parameters is presented in Table 3. The NSE and PBIAS for the calibration period
were 0.76 and -26.6% and that for the validation period were 0.56 and -34.1%, respectively, for daily scale. The
performance of the simulated data with respect to the observed data for the calibration and validation period is
presented in Figures 4(a) and 4(b), respectively. The NSE is a normalized statistic which provides information on
how much the data varies from the measured data and its range is inclusively -∞ to 1, 1 being perfectly fit model
(Nash & Sutcliffe, 1970). The PBIAS provides a measure of average tendency of the data to be more or to be less
in magnitude than the measured data (Gupta et al., 1999). The parameters Cn2 and Sol_awc were kept relative to
maintain their spatial properties during the calibration and validation.
Rank

Parameter

Fitted Value

Minimum

Maximum

218.83

-0.01

500

Legend
Effective hydraulic
conductivity in main
channel alluvium (mm/hr)

1

Ch_K2.rte

2

Alpha_Bnk.rte

0.75

0

1

Baseflow alpha factor for
bank storage (days)

3

Cn2.mgt

-0.19

35

98

SCS runoff curve number
for moisture condition II

4

GW_Revap.gw

0.10

0.02

0.2

Groundwater “revap”
coefficient

5

Rchrg_Dp.gw

0.39

0

1

Deep aquifer percolation
fraction

6

Sol_Awc.sol

0.26

0

1

Available water capacity of
the soil layer (mm H2O/mm
soil)

7

Alpha_Bf.gw

0.30

0

1

Baseflow recession constant

8

Gw_Delay.gw

28.61

0

500

9

Esco.hru

0.04

0

1

10

Gwqmn.gw

2193.00

0

5000

Delay time for aquifer
recharge
Soil evaporation
compensation factor
Threshold depth of water in
the shallow aquifer required
for return flow to occur (mm
H2O)

Table 3. Calibration results (Rank 1 implies the most sensitive parameter).
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Streamflow (m3/s)
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(a) Calibration Period
NSE = 0.76
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Observed
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0
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(b) Validation Period
NSE = 0.56

Date
Observed

Simulated

Figure 4. (a) Calibration of the SWAT model (1983-2000); (b) Validation of
the SWAT model (2000-2015).
3.2 GCM Performance Evaluation
The capability of the eighteen bias-corrected and downscaled GCM projections were tested against the
observed values in the PRW for the baseline years to identify the best performing projections. The NME and
NRMSE values were calculated for each GCM and compared with the coefficient of variations to determine the
best performing models as described in the methodology above. Six projections that best predicted the observed
values in the baseline years were selected, namely, canesm2, ccsm4, cesm1-bgc, csiro-mk3-6-0, miroc5 and
noresm-m. Figure 5 shows the NME and NRMSE values for each of the eighteen GCMs.

© Copyright owned by the authors unless otherwise noted.
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noresm1-m
mri-cgcm3
mpi-esm-lr
miroc5

access1-0
0.9
0.7
0.5
0.3
0.1
-0.1
-0.3
-0.5
-0.7
-0.9

12
NRMSE

bcc-csm1-1
canesm2
ccsm4
cesm1-bgc

miroc-esm-chem

cnrm-cm5

miroc-esm

csiro-mk3-6-0

ipsl-cm5a-mr

gfdl-cm3

ipsl-cm5a-lr

gfdl-esm2g
inmcm4

Figure 6: Radar plot showing the NME and NRMSE values for each of the eighteen GCMs

Figure 5. Radar plot showing the NME and NRMSE values for each of the 18
GCMs.
3.3 Climate Change Scenario Generation
The annual changes in daily maximum and daily minimum temperatures for each of the six models in the
future periods under RCP2.6, RCP4.5, RCP6.0 and RCP8.5 are listed in Tables 4 and 5, respectively. The RCPs
are a set of greenhouse gas concentration and emission pathways developed to support research into climate
change impacts (Moss et al., 2010). There is a varying result in the initial period (2016-2039), however, there is
a consistent trend of temperature increase during 2040-2069 and 2070-2099. The csiro-mk3-6-0.8 gave the largest
increase of 3.1°C for annual daily maximum temperature in the latter part of the century (2070-2099) under the
RCP8.5 scenario while miroc5.1 provided the minimum change of 0.01°C during 2016-2039 under RCP4.5 for
the same. Overall, canesm2.4 provides minimal change through all future periods and csiro-mk3-6-0.8 provides
the most change in annual daily maximum temperature. Clearly, the most significant change in daily temperatures
occurs under the RCP8.5 scenario. Except for a few small decreases in projected temperature, most projections
show a tendency of increasing temperature. Despite some slight differences among the GCMs, it is apparent that
there could be a certain increase in temperature by the end of the twenty-first century. The daily maximum
temperature could rise by 3.1°C and the daily minimum temperature could rise by 3.4°C during 2070-2099 period
according to csiro-mk3-6-0.8 and canesm2.4 respectively under RCP8.5 scenario.

© Copyright owned by the authors unless otherwise noted.
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Change in Annual Tasmax (°C)
Periods
RCP2.6

Canesm4

Ccsm4

Cesm1-bgc

Csiro-mk3-6-0

Miroc5

Noresm-m

2016-2039

0.5

-0.2

-0.10

-0.3

-0.1

0.03

2040-2069

0.04

-0.01

0.10

0.4

0.1

0.3

2070-2099

0.04

-0.01

0.20

0.5

0.3

0.2

2016-2039

0.5

-0.2

0.1

-0.4

-0.01

-0.1

2040-2069

0.05

0.5

0.5

0.7

0.6

0.6

2070-2099

0.1

0.7

0.6

1.3

1.3

1.1

2016-2039

0.5

-0.4

-0.1

-0.2

-0.2

-0.3

2040-2069

0.1

0.3

0.1

0.3

0.3

0.4

2070-2099

0.1

0.9

0.6

0.9

1.3

1.2

2016-2039

0.4

-0.1

0.1

-0.1

0.1

0.04

2040-2069

0.1

0.9

1.1

1.2

1.1

1.0

2070-2099

0.2

2.3

2.3

3.1

2.5

2.4

RCP4.5

RCP6.0

RCP8.5

Table 4. Future annual changes in daily maximum temperatures.
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Change in Annual Tasmin (°C)
Periods
RCP2.6

Canesm2

Ccsm4

Cesm1-bgc

Csiro-mk3-6-0

Miroc5

Noresm-m

2016-2039

0.1

-0.5

-0.2

-0.8

-0.5

-0.5

2040-2069

0.5

-0.3

-0.3

-0.2

-0.2

-0.2

2070-2099

0.5

-0.3

-0.5

0.1

-0.1

-0.3

2016-2039

0.0

-0.6

-0.3

-0.8

-0.4

-0.7

2040-2069

0.8

0.1

0.2

0.2

0.1

0.2

2070-2099

1.4

0.4

0.3

0.9

0.6

0.7

2016-2039

-0.2

-0.6

-0.1

-0.7

-0.7

-0.9

2040-2069

-0.9

0.0

-0.3

-0.4

-0.2

-0.1

2070-2099

0.2

0.8

0.4

0.8

0.8

0.9

2016-2039

0.1

-0.4

-0.3

-0.5

-0.3

-0.3

2040-2069

1.8

0.7

0.8

0.9

0.6

0.6

2070-2099

3.4

2.2

2.2

2.9

2.2

2.1

RCP4.5

RCP6.0

RCP8.5

Table 5. Future annual changes in daily minimum temperatures.
The change in monthly average daily maximum and temperature for the GCM ensembles under each of
RCP2.4, RCP4.5, RCP6.0 and RCP8.5 scenarios in the three future periods is shown in Figure 6(a). The largest
increase occurred under RCP8.5 during the period 2070-2099 reaching as high as a 4.01°C increment (for the
month of September) as compared with those in the baseline years. On the contrary, the largest decrease (1.6°C)
occurred under RCP6.0 during 2016-2039. The changes in daily minimum temperatures across each month for
different future periods can be seen in Figure 6(b). The monthly average daily minimum temperature had the
highest increase (3.7°C) under RCP8.5 during 2070-2099 and the highest decrease (1.6°C) under RCP6.0 during
2016-2039. The changes in both daily maximum and daily minimum temperatures seem to follow a consistent
trend across the year in general. Mostly, it can be inferred that the summer months of the mid and late twentyfirst century would have increased temperature.
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Figure 6. Changes of future periods for GCM ensemble under RCP2.6,
RCP4.5, RCP6.0 and RCP8.5 scenarios when compared with the baseline
years in mean monthly (a) daily maximum temperatures, (b) daily minimum
temperatures, (c) precipitation (mm) and (d) precipitation changes (%).
There was a consistent trend in change of future precipitation values among the GCM projections as depicted
in Figures 6(c) & 6(d). The peak in August is due to low precipitation during that period in the baseline years.
The PRW received almost zero precipitation during this time of year, therefore, even a slight increase in
precipitation accounted for a higher percentage of increment during the future period. The precipitation seems to
decrease in most of the future years based on selected GCM projections while January might see increased
precipitation throughout the twenty-first century. The RCP8.5 scenario suggests an increase in precipitation
during the wet months (December through February) in the period 2070-2099. The largest increment (38 mm) in
average monthly precipitation, compared to the baseline years, is likely to occur in January during period 20602099 under RCP8.5. In general, the trend of change in maximum and minimum temperatures follow a similar
pattern except for the dry period (June through August). Overall, the months of March through October except
August are likely to see negligible precipitation over the future years.
Figures 7(a) and 7(b) show a comparison between the box-and-whisker plots for change in annual precipitation
and that in annual streamflow, respectively, as simulated by the six GCMs under each of the RCPs. The annual
average streamflow in the baseline years was considered for comparison. Each model suggested slightly varying
results in both precipitation and streamflow. The plot shows the median, lower quartile and upper quartile and the
maximum range of the predicted changes for future years (2016-2099) under the four RCPs. For precipitation,
the largest increase was suggested by ccsm4 under RCP6.0 in 2016-2039 while the largest decrease was suggested
by canesm2 under RCP2.6. In 2040-2069, the largest increase was suggested by canesm2 under RCP8.5 and the
largest decrease was suggested by csiro-mk3-6 under RCP8.5; In 2070-2099, cesm1-bgc under RCP8.5 showed
the highest increase and miroc5 under RCP6.0 displayed largest decrease. Overall, RCP8.5 suggested consistent
trend of larger changes in precipitation. There is a significant amount of uncertainty associated with the GCMs
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and RCPs; therefore, it is a good idea to study multiple GCMs and RCPs for any studies relating to future climate
scenarios. There are also some uncharacteristic points in the plots mostly in the positive change region. These
portray some of the wet years in future, which are excessively higher than the baseline annual average.
The change ratios for the annual streamflow were inconsistent when compared to that of the precipitation. The
streamflow change demonstrates a wider range than that of precipitation for most GCMs. The largest increase
and decrease in streamflow in 2016-2039 were both observed in miroc5 under RCP4.5 and miroc5 under RCP6.0,
respectively. Similarly, the largest increase in 2040-2069 and 2070-2099 occurred in cesm1-bgc under RCP8.5
and csiro-mk3-6 under RCP8.5, respectively. Moreover, the largest decrease for the same period was observed in
canesm2 under RCP8.5 and ccsm4 under RCP8.5, respectively. There exist inconsistent results among the change
ratios for precipitation and streamflow. The streamflow is associated with an aggregated effect of precipitation
and temperature and other land use and soil parameters rather than precipitation alone.
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(b)

Figure 7. Box plot depicting future changes in (a) Annual precipitation; (b)
Annual streamflow.
The average annual streamflow in the PRW ranges from 0.08 m3/s to 26.86 m3/s in the baseline years. The
largest streamflow occurs during January and February months while there is almost no flow in July through
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October. Most of the years in the twenty-first century could have a similar trend of precipitation and streamflow
in the PRW as suggested by the selected GCMs. However, under each RCP scenario and the ensemble, the
streamflow increases in January with respect to that in the baseline years. The increase in streamflow was also
observed in August and November while the rest of the months had diminished flow. The dry months (June to
October) would have negligible streamflow and the wet months (December to April) would have sporadic high
flows. The month of November has noticeable streamflow towards the end of the century as suggested by most
of the model outputs. The average streamflow in PRW during November in the baseline years is 0.74 m3/s while
the same is 0.68 m3/s in 2016-2039, 2.78 m3/s in 2040-2069 and rises to 7.62 m3/s in 2070-2099.
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Figure 8. Bar plot depicting monthly average streamflow in the baseline and
future years under four concentration pathways.
4.0 Conclusion and Discussion
In this study, the SWAT model was utilized in a simulation of the streamflow in three periods in the future
from the projected precipitation and temperature data from six CMIP5 GCMs under each of RCP2.4, RCP4.5,
RCP6.0 and RCP8.5 scenarios. The study was performed over the PRW in California. The baseline years were
1981-2015 and the future forecast period were distributed into three terms – 2016-2039, 2040-2069 and 20702099. The SWAT model was calibrated and validated within the baseline years. Since regional models are
required to perform climate change studies over the PRW, the bias-corrected and downscaled projections from
CMIP5 were utilized. The current study focuses on these projections and evaluates the resulting streamflow under
different scenarios; however, it does not intend to predict the future weather and streamflow patterns.
The multi-GCM projections suggested a warmer future with reduced streamflow for most of the twenty-first
century. The reason for lower streamflow could be increasing temperature and reduced precipitation as the rate
of evapotranspiration increases, hence decreasing the streamflow. Contrarily, the GCMs under RCP8.5 suggest
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increased precipitation in future January months, which could be the reason for increased streamflow in the same
period even though the temperature is rising. The projected changes in temperature and precipitation, and
therefore streamflow varies among each model. The daily maximum temperature in the PRW region rises to 3.1°C
by the end of the century. Each projection suggests a warmer future when the moderate and high emission
scenarios are considered. An increase in such magnitudes of temperatures can aid in altering the weather pattern
of the PRW significantly. Cayan et al. (2008) highlighted how a consistent change in temperature can produce a
marked shift in the historical temperature distribution.
The change in precipitation suggested by the GCMs might give a low magnitude of change. Most models
utilized in this study suggest a change within 30% when compared to the baseline. On the other hand, the change
in annual average streamflow compared to the baseline years was generally close to 100% compared to the annual
average flow in the baseline years. In several cases, even a minor change in precipitation has increased the
streamflow significantly. Therefore, the possibility of change in the future relationship between precipitation and
streamflow in the PRW cannot be denied. The reason for this could be the increase in uniform recycling of
moisture in future years (Jha et al., 2004). Moisture recycling concerns with the contribution of evapotranspiration
in local precipitation. The recycled moisture may not necessarily affect the streamflow as the precipitation may
fall, evaporate and re-fall within the same region before contributing to the streamflow. It is essential to
understand the moisture recycling over an area for sustainability of the water resources and ecosystems
management.
The precipitation directly affects streamflow in any water cycle while the changes might misrepresent the
actual scenario. A minor change in low values would represent a higher order of change and might provide
misleading information. Risbey and Entekhabi (1996) stated that a small fluctuation in precipitation volume or
precipitation intensity would lead to a significant effect on streamflow. The intensity and duration of any
precipitation event would affect different components of the water cycle like the evapotranspiration, ground
infiltration and direct runoff, hence providing direct impact on the streamflow at the outlet. A short intense
precipitation may contribute to a larger streamflow than a longer less intense precipitation even when the
precipitation volume is smaller. Cayan et al. (2008) mentioned that since runoff is a non-linear outcome of
precipitation, a decrease in precipitation would reduce the runoff disproportionately so it is important to
accentuate that a 10-20% change is not a minor gain or loss. The air temperature also has a significant effect on
streamflow; therefore, predicting a change in streamflow, solely based on change in precipitation may not always
be true.
The trend of simulated streamflow in the PRW during the twenty-first century shows a consistent increase in
January months, sporadic increases in February months and overall a steady decrease in the dry months (Figure
8). The dry seasons would continue to receive diminished stream flow. The simulated mean monthly flows in the
dry months are generally less than the tenth percentile of the flows in the baseline years (0.252 m3/s). Furthermore,
the future precipitation projections also suggest that future January months would receive increased precipitation
in general in most July months, and some June months would receive less precipitation than the tenth percentile
precipitation among months of the baseline period suggesting very dry conditions. In addition to the precipitation
and streamflow deficit, other factors like evapotranspiration could also affect the frequency and duration of
consistent dry periods. Considering these potential future conditions, it is likely that PRW will face some extended
extreme dry and wet periods in the future which would increase the stress on the land usage, ecosystem and water
resource management. The trend in future precipitation and streamflow in the PRW is likely to follow the “wet
regions get wetter and dry regions get drier” effect as discussed in past studies (Berg & Hall, 2015; Durack et al.,
2012). A major concern at present is understanding the effect of climate change on water availability and supply.
The results of this study suggest a decreasing trend of streamflow, which may create scarcity of water in the study
area. Hence, appropriate alternative measures need to be considered.
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The streamflow in any watershed is also affected by the land use pattern and land cover data. The current landuse type is used in this study for the analysis throughout the future years and therefore, the results could be
unrealistic. Another factor not considered in the study is soil parameters of the PRW. Including these factors
would better represent the future scenario for analyzing the streamflow. A combined effect of land use and climate
change on watershed hydrology warrants further research. Additionally, the effect of climate change and human
variability on land use and hence streamflow might prove perplexing without the quantification of these
variabilities. These issues provide a window for further research into climate change impacts.
The results presented in this study are associated with a high degree of uncertainty. This is primarily because
of cumulative uncertainties from the GCM outputs, hydrological parameter uncertainty and in consideration of
land use and soil parameters. A single factor or combination of these factors would probably deviate the results
and suggest an aberration from the actual future scenario. The climate models are numerical models, which
characterize the physical processes in the land surface, ocean-circulation, atmosphere, clouds and solar radiation.
The physical phenomena relating to the clouds are difficult to model as they occur at a very small spatial scale.
The GCMs have been improving and will keep improving over time but the uncertainty associated with them may
continue to exist as the uncertain human activities will always affect the CO2 emission scenario. We have tried
to reduce the uncertainties associated with the GCMs by using 1/8° grid bias-corrected and downscaled CMIP5
projections and hindcasting their performance using the predictions and observed data in the baseline years. We
believe this study is a key step towards understanding the impact of climate change at a local scale.
This study aims to provide some of the plausible climate scenarios in the future rather than predicting exact
future climate and streamflow conditions. The magnitude of projected temperatures and precipitation vary for
each emission scenario from model to model, therefore creating a unique streamflow at the outlet for each
individual scenario. The greenhouse gas concentrations cannot be exactly predicted as it depends on several sociocultural, environmental and technological activities. The changes in precipitation and temperature at a local level
(in the PRW) were studied and, in turn, their effect on streamflow were analyzed. The conclusions of the study
are summarized as:
•
The temperature increase patterns follow a similar trend for both maximum and minimum
temperatures for each month throughout the year. The daily maximum and minimum temperature
could rise above 3°C by the end of the twenty-first century. The climate of the PRW seems to be
changing towards being drier in the dry season and wetter in the wet season.
•
The PRW region is projected to have a consistent increase in temperature while the future
precipitation seems to be uncertain, hence altering the trend of streamflow.
•
The average monthly streamflow in the PRW in future years seems to rise for most of the dry
months. There was a noticeable increase in mean monthly streamflow during January months. The
significant increase in streamflow might invite more floods in future.
•
The streamflow changes followed the trend of change in precipitation in general. However, there
were several instances where even a minor change in magnitude of precipitation and temperature
might lead to a significant variation in resulting streamflow demonstrating the non-linear
relationship between the two.
•
Several uncertainties are associated with studies involving future climate changes including, but
not limited to, the GCMs and emission scenarios. It is important to analyze multiple scenarios to
be better prepared for these changes. Depending on the result from just a single projection might
be misleading. Disregarding multiple scenarios in decision-making could have a significant impact
on flood planning, drought management and corresponding mitigation measures.
Consistent warming in tandem with a dry Pajaro River could provide a strenuous circumstance for the
management of water resources in the PRW. The effect of climate change can potentially cause an agricultural
drought in the region and necessary preparation is required. The primary focus of the present day should be
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creating a climate-resilient world to tackle the consequential threat of the inevitable climate change. Focusing on
the development of alternative energy can aid in minimizing the emission of greenhouse gases. Another measure
could be afforestation and/or reforestation. Collective commitment and efforts for clean energy now would be the
best way to control the effect of climate change in the future.
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